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At current stage, the majority of the human activity recognition (HAR) technologies are based on supervised learn-
ing, where there are labeled data to train an expert system. In this paper, we proposed a framework based on the
unsupervised learning to autonomously discover, learn and recognize atomic activities, i.e., the actions. The input to
the HAR framework is a sample pool of unlabeled observations of an unknown number of actions. An incremental ac-
tion discovery algorithm based on K-means is used to discover new actions. For each new action discovered, a learning
algorithm is used to model it through an automated training and cross-validation cycle. The algorithm uses Mixture
of Gaussians Hidden Markov Model (HMM) to model the actions, and the algorithm autonomously determines the
appropriate number of Gaussian components and states. The framework deals with the dynamic and noisy nature of
the data. We evaluated the proposed framework on a third party dataset of daily activities and the results show its
performance is in-par with that achieved using a supervised learning algorithm to recognize the activities from the
same dataset.
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1. Introduction

Due to the need of labeled data and supervised approaches,
the generalization of Human Activity Recognition (HAR)
technologies in regular human living environments is limited.
In regular human living environments, observation data are
not labeled. For human activity recognition technologies to
be deployed in such environments, we require unsupervised
approach.

While there are research works on unsupervised human ac-
tivity recognition, they are either focused on solving com-
puter vision problems using an unsupervised approach, re-
quire visual data from high cost sensors, address a specific
aspect of human activity recognition or they require an al-
ternative form of pre-labeled data from wearable sensors or
other sources.

In this paper, we proposed a framework to enable the com-
plete process of human activity recognition without using la-
beled data. The framework, at current stage, has been devel-
oped to deal with atomic activities. In our context, actions
are atomic activities that do not decompose into meaningful
sub-activities. They are the building blocks for higher level
activities.

Two contributions arise from this paper:
First, we proposed a framework to autonomously discover,
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learn and recognize human actions using an unsupervised ap-
proach. The framework only requires unlabeled observations
that are available in abundance in our regular living environ-
ment. It uses data from inexpensive consumer sensor allow-
ing it to be implemented at low cost. The input to the frame-
work is unlabeled observations of an unknown number of ac-
tions including random and unintentional movements. The
framework is designed to reject these random movements.

Second, we demonstrated that it can perform well using an
incremental approach of clustering, and a simple probability-
based model, Hidden Markov Model (HMM). We proposed
strategies to autonomously determine the required parameters
for the HMM. Our empirical results suggest suitable choice
of parameter values to keep computation time low.

The learned action models do not have a linguistic label.
Each model is an action and enumerated. For the purpose of
understanding human activities and intention, for example, it
is sufcient for the intelligent system to know that Action 1
usually takes place in the morning, at the bed and that it usu-
ally leads to Action 2. It does not matter whether Action 1 is
being labeled as wake up or “okimasu (wake up in Japanese
language)” and Action 2 is being labeled as brush teeth or
“hawomigaku (brushing teeth in Japanese language)”, or in
other languages.

Linguistic labels are for the purpose of communication.
This can be achieved through interaction with human; just
like the way children label what they have learned in the en-
vironment by asking other people. The proposed framework
in this paper is providing the ability similar to that the chil-
dren discover and learn their environment, however without
the final phase of linguistic labeling.
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The remaining of this paper is organized as follows: In
Section 2, we will describe related works. We describe our
proposed framework in Section 3 with details of each phase.
Section 4 describes the experiment conducted to demonstrate
the effectiveness of the framework and the dataset used in the
experiment. We report the results and discuss their implica-
tions in Section 5. Finally, we make conclusions in Section
6.

2. Related Works

HAR technologies can be broadly divided into two cate-
gories: sensor-based and vision-based. Given that our goal
is to deploy HAR technologies in normal homes without em-
bedded sensors, we have focused on vision-based HAR tech-
nologies. Turaga et al. (1), Poppe (2) and Aggarwal et al. (3) have
made extensive survey and review of vision-based HAR tech-
nologies. From their reviews, we note all the works described
in their papers have used supervised approach to learn the ac-
tivity models.

In the normal home setting, labeled data are scarce and
requiring user annotation of actions in daily activities is im-
practical. These conditions call for the requirement to per-
form HAR from unlabeled data. In our earlier paper (4), we
have developed an incremental approach of clustering for hu-
man activity discovery from unlabeled data. Activity dis-
covery refers to the process in which an intelligent agent
finds new activities from its observations. In a typical ac-
tivity recognition process, an intelligent agent will recognize
known activities from its observations, i.e. it sees that the
person is performing activity X. In activity discovery, the in-
telligent agent finds new activities in the observations that are
not recognized as any known activity, i.e. it sees the person
is performing a new activity.

Activity discovery is only an initial stage in HAR. The out-
put from the activity discovery need to be used for learning
and recognition of activities. In this paper, we build on top of
the activity discovery algorithm to provide a complete HAR
framework that includes other stages such as learning and
recognition.

In this paper, we have also refined the scope of our work to
use the term action instead of activity. We define actions as
atomic activities that do not decompose into meaningful sub-
activities. For example, the cooking activity may include the
actions of chopping and stirring. They are the building blocks
for higher level activities. We will therefore be considering
action discovery, learning and recognition.

When a new activity or action is discovered, i.e., a cluster
is found, members of the cluster become examples to learn
a template or model for that action. Probability-based algo-
rithms are most commonly used to model human activities
and actions (5). In fact, Hidden Markov Model (HMM) (6) is
one of the most popular models (1) (5) to build human activity
or action models. HMM has well established mathematical
ground and is versatile in its application. It has been used to
model human actions since the early 90s (7). It remains effec-
tive even at present time (8) when the objective is for activity
or action recognition but not novelty in learning algorithm.
We have chosen Hidden Markov Model (HMM) (9) to model
the actions.

As far as our survey and knowledge go, our proposal is the

first framework for a complete human action discovery, learn-
ing and recognition that takes into consideration all aspects
and parameters required to implement human action recogni-
tion in regular human living environment. Our work is also
the first unsupervised approach in human action recognition
using depth sensor data.

Taking advantage of the depth sensor, our framework uses
simple learning algorithms. We note that the use of the depth
sensor offers another advantage that privacy intrusion is par-
tially reduced if only depth sensor data is being recorded and
used.

3. Proposed Unsupervised Human Action Dis-
covery, Learning and Recognition Framework

A complete human action recognition framework should
comprise of at least three stages as shown in Fig. 1: discovery,
learning and recognition. In addition, an observation module
is required to segment and collect action instances from the
sensor.

3.1 Overview of The Framework Fig. 2 shows our
proposed framework to autonomously discover, learn and
recognize human actions. The intelligent system continu-
ously observes the person of interest and collect samples of
the actions performed throughout a day or a specified period
of time. The system performs the process of discovery and
learning the models during idle time when the person is not
available for observation, for example when the person is not
at home or is sleeping.

The framework starts with capturing the sensor data. Pre-
dened set of features are extracted from the data and the con-
tinuous data is sampled or segmented into action instances.
Each new action instance is checked against existing action
models. Unrecognized action instances are collected into ac-

Fig. 1. Stages in Human Action Recognition.

Fig. 2. Proposed Unsupervised Human Action Dis-
cover, Learn and Recognition Framework.
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tion sample pool for the discovery of new actions from the
pool. If there is no existing action model, as at the initial
use of the framework, all action instances will be collected.
This process of sample collection, discovery and learning is
repeated continuously throughout the time that the intelligent
system is with the person of interest. The learned models of
actions are used to recognize new observations in real time.

We will elaborate the details of each step in the following
subsections.

3.2 Feature Extraction and Sampling The features
of the input data to the framework are 3-D coordinates of
local vectors representing the human range of movement
(ROM) (11). The features are transformed and scaled to ensure
view-invariant and scale-invariant.

Studies in kinematics of human motion (10) have identi-
fied that human motions are constrained within a range of
movement (ROM): exion, extension, lateral exion, rotation
of spinal column (the body movements); exion, extension,
abduction, adduction of shoulder joint (the arm movements);
exion, extension of elbow joint (the forearm movements); ex-
ion, extension of knee joint (the leg movements); exion, ex-
tension, adduction of hip joints (the thigh movements). We
use this domain information to define the features for repre-
sentation of human actions to enable discovery and recogni-
tion of all possible actions. In contrary, if the features were
selected from a given dataset, the features would be fit to the
current dataset and would not allow discovery of unseen ac-
tions. For example, if the dataset has 10 actions involving
only hands. The features selected based on this dataset, for
example by correlation based feature selection, will not allow
discovery of new actions that will involve leg movements.

There are three typical ways to sample human actions or
activity observations: manually identify start and end of ev-
ery action, automatic detection of start and end of every ac-
tion and, sliding window. Many research works analyze an
entire video clip from standard dataset, where the start and
end of every action or activity have been manually defined.
Manual process is not only laborious but also not feasible in
the regular human living environment. Automatic detection
is usually achieved by detecting significant changes in the
movement. However in everyday life, people spend signif-
icant amount of time in stationary state such as sitting and
standing, which in our context are considered actions. Fur-
ther, many actions are not carried out abruptly and such ac-
tions will not easily trigger automatic detection. Automatic
detection remains a challenging task.

For the use of HAR in our homes, it is useful to have con-
tinuous observation of our activities at home. The sliding
window is a suitable choice in our framework. Using fixed
width keeps the operation simple. Schindler and Gool (12) have
shown that 5 to 7 frames are sufficient to recognize basic ac-
tions. Sung et al. (13) have used fixed window of three sec-
onds on the same dataset that we are using in this work. The
choice of the window width can vary depending on the types
of actions. Unlike sport activities, actions performed in daily
activities at home are expected to be slow. For example, the
normal stride frequency of leg movements during human lo-
comotion is between 0.83-1.95 Hz (14). In this work, we have
used a window width of two seconds to represent an action
instance. Based on the above mentioned stride frequency, we

Fig. 3. The algorithm to incrementally discover activi-
ties with MinPt parameter (4).

have made the assumption that around two cycles of human
limb movement can be captured in two seconds.

3.3 Action Discovery: Clustering The key to action
discovery is the ability to distinguish the various potential
new actions within the unknown observations. Action dis-
covery makes use of an incremental approach of clustering (4)

as shown in Fig. 3. Conceptually, the algorithm is executed at
regular intervals of time after a set of sufficient observations
has been added into a sample pool; say, at the end of each
day.

The algorithm does not have information with regards to
the potential number of actions in the sample pool. The al-
gorithm does not attempt to discover all actions within the
sample pool at once. It makes its best effort to discover the
most likely action in an incremental manner. By most likely
action, the algorithm finds the most compact cluster using a
mean variance σ̄2 measure given in Eq. 1. Low value of
mean variance indicates compactness of the cluster.

mean variance σ2
(
C j

)
= mean

(
var
(
C j

))
· · · · · · · · (1)

var
(
C j

)
=

1
n j − 1

∑

xi∈C j

(
xi

( j) − x( j)
)∧2 · · · · · · · · · · · · · (2)

centroid x( j)
= mean

(
xi ∈ C j

)
· · · · · · · · · · · · · · · · · · · (3)

where x( j)
i = [xi1 · · · xip] is a data point in Cluster C j with

dimension p, n j is the number of points in Cluster C j, x̄( j)

(dimension p) is the mean of all points in Cluster C j, ∧2 is
element-wise square.

3.4 Action Learning: Probability-Based Model
When a new action is discovered, i.e., a cluster is found,

members of the cluster become examples to learn a template
or model for that action. Fig. 4 summarizes the process of the
learning phase. At the beginning of the learning phase, the
cluster members are split into training and cross-validation
sets. We use 8:2 training to cross-validation ratio. 80%
of the members in the cluster are used to train the model,
while 20% are used to perform holdout cross-validation of
the model. Through exhaustive search of model parameters,
the model with best cross-validation performance is chosen
as the learned model.

In this work,we chose Hidden Markov Models (HMM) (6)

to model the actions. An HMM is characterized by the fol-
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lowing parameters:

λ = (A, B, π) · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · · (4)

where
A =
{
ai j

}
, 1 ≤ i, j ≤ N is the state transition matrix, which

defines probability that the next state will be S j given current
state is S i, where S = {S i} , 1 ≤ i ≤ N is the set of states and
N is the number of states.
π = {πi} , 1 ≤ i ≤ N is the initial probabilities, where πi is

the probability of starting in State S i.
B =
{
b j (O)

}
, 1 ≤ j ≤ N is the emission probability matrix,

where b j (O) describes the probability density of observing a
continuous output O in state S j.

Our framework is designed to discover, learn and recognize
potentially undefined number of actions. It will significantly
degrade the quality of the model if the continuous output is
quantized into a set of finite discrete output symbols. The
required number of the output symbols will be prohibitively
large in order to cover the 3-D volume around a human body
while cater for the required resolution to discriminate similar
actions. For this reason, Mixture of Gaussians is used to rep-
resent the output observations. For M-component Mixture of
Gaussians, the emission probability density function is given
as

b j (O) =
M∑

k=1

c jkN
(
x, μ jk,Σ jk

)
. · · · · · · · · · · · · · · · · · · · (5)

where c jk is the mixture weight, N is the Gaussian or nor-
mal density function, μ jk and Σ jk are the mean vector and
covariance matrix associated with state S j and mixture com-
ponent k.

The parameters to be learned for the HMM model are ai j,
πi, c jk, μ jk and Σ jk. The parameters are estimated using the
Baum-Welch algorithm (6). The description of the update al-
gorithm is beyond the scope of this paper, but good refer-
ences for it can be found in Rabiner (6), Murphy (9) and Yang et
al. (15). To autonomously determine the values of the number
of states N and the number of mixture of Gaussians M, the
algorithm uses an exhaustive search within a range of values

Fig. 4. The steps involved in learning phase. Qmin and
Qmax are the minimum and maximum value of the num-
ber of states respectively. Mmin and Mmax are the mini-
mum and maximum value of the number of mixtures re-
spectively. Ptrain is the proportion of data to be used as
training set.

and select the model that has the best performance in cross-
validation test. Exhaustive search is however computation-
ally demanding. It is necessary to constrain the range of the
search values. We will suggest a suitable range of values
based on our experiment outcomes.

4. Data and Experiment

4.1 Data In this work, we have used the dataset “Cor-
nell Activity Dataset CAD-60” (16) to demonstrate the effec-
tiveness of our proposed framework. CAD-60 is the earli-
est published human activities dataset based on Kinect data.
CAD-60 consists of twelve daily activities by four subjects
(Person 1 to 4). Still (standing) and random activity samples
by each subject are also included in the dataset. We use only
the skeleton data in the dataset to obtain the required features
as described in Section 3.

Including still, CAD-60 dataset has thirteen activities in
total. Among them, four of the activities have less than ten
examples per subject and are insufficient for the discovery
phase. We have therefore used the remaining nine activities
and the random activities to test our framework. These ac-
tivities are atomic, i.e., actions in our context, and are listed
in Table 1. The labels in Table 1 are used for the purpose of
evaluation of the effectiveness of the framework. The labels
are not provided to the framework during runtime.

4.2 Experiment We sampled 80 instances of each ac-
tion for each subject using sliding window of two seconds.
We sampled 160 instances from the random actions for each
subject. The samples are split into learning and test set at
7:3 ratio. For each subject, we have a learning set of 56 in-
stances of 9 actions in addition to 112 instances of random
movements. The instances from different actions are mixed
together and the framework does not know the labels. This
gives a total of 56 × 9 + 112 = 616 instances in the learning
set, which is equivalent to the sample pool in Fig. 2. Like-
wise, we have a total of 24 × 9+ 48 instances mixed together
without label in the test set, which is equivalent to the unseen
observations to be recognized.

The learning sets are used for discovery phase, which the
outcome is a set of clusters to be fed into the model learning
phase. Since the framework do not have labels of the obser-
vations, it will learn a model for each cluster irrespective of
the purity of the cluster. The test sets are used to evaluate the
recognition ability of the learned model.

In our experiment, we let the algorithms in the framework
exhaust all samples in each dataset. The datasets have finite
samples. When implemented in a real life situation, the algo-
rithms in the framework do not have to discover all actions at
once. In our experiment, we have used minimum points per

Table 1. List of actions
1. A1 Brushing teeth
2. A2 Cooking (chopping)
3. A3 Cooking (stirring)
4. A4 Relaxing on couch
5. A5 Still (standing)
6. A6 Talking on couch (sitting)
7. A7 Talking on the phone
8. A8 Working on computer
9. A9 Writing on whiteboard

10. RA Random
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Table 2. Precision and recall in evaluation of the framework. The results are given for data from each of the four
subjects (Person 1 to 4) and average across the four subjects.

Person 1 Person 2 Person 3 Person 4 Average
Prec Rec Prec Rec Prec Rec Prec Rec Prec Rec

brushing teeth 100 58.3 100 62.5 100 83.3 100 29.2 100 58.3
cooking (chopping) 100 70.8 88.0 91.7 100 83.3 72.7 100 90.2 86.5
cooking (stirring) 96.0 100 100 79.2 100 95.8 100 62.5 99.0 84.4
relaxing on couch 92.0 95.8 100 100 85.2 95.8 100 95.8 94.3 96.9
still (standing) 96.0 100 100 95.8 100 100 80.0 100 94.0 99.0
talking on couch 77.4 100 100 83.3 100 100 73.3 91.7 87.7 93.8
talking on the phone 96.0 100 70.0 87.5 100 91.7 92.3 100 89.6 94.8
working on computer 100 87.5 100 100 100 91.7 69.0 83.3 92.2 90.6
writing on whiteboard 100 100 100 100 64.9 100 100 66.7 91.2 91.7

Average: 95.3 90.3 95.3 88.9 94.5 93.5 87.5 81.0 93.1 88.4

cluster MinPt = 25, minimum number of mixtures Mmin = 1,
maximum number of mixtures Mmax = 7, minimum number
of states Qmin = 2 and maximum number of states Qmax = 15.
Given that we have 15 frames per feature in one sample, we
set Qmax = 15. We would like to evaluate the learning algo-
rithm from lowest possible Q value.

5. Results and Discussions

To evaluate the performance of the framework, we test the
recognition ability of the learned models on unseen observa-
tions, i.e., the test sets as described in Section 4. The results
of the evaluation is summarized in Fig. 5. Table 2 gives the
detail result. The framework achieved a recognition rate of
an average precision of 93.1% and recall of 88.4%. The low
recall rate is due to the poor performance in brushing teeth
action (A1).

From Table 2, we can see that the low recall rate of the
brushing teeth action is largely due to the poor performance
in the data of Person 1 and Person 4. Apart from these two
cases, the performance to recognize the other actions is good.

Further to the evaluation of recognition rate, we have ob-
served that suitable values of M and Q are in the range of
1 ≤ M ≤ 4 and 2 ≤ Q ≤ 6. This knowledge will allow us to
reduce computation time of the learning phase.

As we have not come across unsupervised learning using
the skeleton data from RGB-D sensor, we compare our re-
sults with the work of the authors of CAD-60 (13), and a latest
result from Wang et al. (17), that were both based on supervised
learning using the same dataset. Their experiments involved
detecting activities based on locations such as kitchen and
living room. By zoning the activities, their algorithms were
required to discriminate at most four activities and the ran-
dom activities at any one time. In contrast, our results were
obtained through an unsupervised approach from discovery
to recognition. Our algorithms were required to discriminate
9 actions and the random action at any one time in both dis-
covery and recognition phases.

We compute the average precision and recall of the results
of Sung et al. (13) for the 9 activities we have used in our ex-
periment, and compare with our results in Table 3. Since
“talking on phone” was evaluated in three locations (bed-
room, living room and office) in their results, we have taken
the average value for the precision and recall. The numbers
for their results are summarized from their Full Model “Have
Seen” results. For the results from Wang et al. (17), we com-

Fig. 5. Average precision and recall across all four sub-
jects (Person 1 to 4) for each activity in evaluation of the
framework.

Table 3. A comparison of our results and the results of
Sung et al. (13).

This paper Sung et al. (13) Wang et al. (17)

Prec Rec Prec Rec Prec Rec

brushing teeth 100 58.3 96.7 77.1 71.4 83.3
cooking chopping 90.2 86.5 70.3 85.7 100 100
cooking stirring 99.0 84.4 74.3 47.3 100 83.3
relaxing on couch 94.3 96.9 86.8 82.7 100 100
talking on couch 87.7 93.8 98.8 94.7 100 100
Still 94.0 99.0 NA NA 100 100
talking on phone 89.6 94.8 88.4 91.1 100 100
working on computer 92.2 90.6 89.5 93.8 100 100
writing on whiteboard 91.2 91.7 85.5 91.9 100 100

Average 93.1 87.3 86.3 83.0 96.8 96.3

puted the precision and recall from their confusion matrix on
“same-person” setting.

Our results are on average superior to that of Sung et al. (13),
however the results of Wang et al. (17) is almost perfect for
seen person. We restate that both of them have used super-
vised approach, while our results were obtained without giv-
ing the labels to our framework.

6. Conclusions

We have proposed an autonomous human action discov-
ery, learning and recognition framework that takes unlabeled
skeleton data from an inexpensive depth sensor. We have
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shown the effectiveness of the framework on a third party
dataset of human daily activities. Our results show the per-
formance of our unsupervised approach is in-par with another
work using supervised approach on the same dataset. The
framework achieved an average precision of 93.1% and re-
call of 88.4% in recognition of unseen observations.

Based on our empirical result, it is sufficient to constrain
the parameters of the HMM models, M and Q, in the range
of 1 ≤ M ≤ 4 and 2 ≤ Q ≤ 6. The fact that the frame-
work uses unlabeled data from an inexpensive depth sensor
will allow it to be used in regular human living environment
without requiring expensive modification to the environment,
wearing of sensors and human labeling of the data. The use
of depth data also helps moderate the concern of privacy in
vision-based monitoring.
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